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Abstract

Over the past decade more people are opting in to purchase and own their own personal vehicle
and in some instances several, which means that road accidents rates are doomed to increase.
And this presents a challenge to the government, individuals and the collective community as car
accidents are in most cases life threatening and a hazard to society. Thus, this paper aims to
tackle this issue and dig deep to explore the main factors contributing to the increase of car
accidents rate. The dataset used in this research is data collected from traffic accidents events
captured by the department of transportation, law-enforcement agencies, and traffic cameras
continuously in the United States from 2016 to 2020. Two models were performed to predict the
impact of car accidents on road traffic, with a focus on the leading factors contributing to road
accidents. Results showed that the main two factors affecting car accidents rate are traffic caused
by work rush hour and population density. Furthermore, this research can be used to create
solutions to limit and decrease car accidents in cities, such as adopting the working from home
concept, facilitating the ownership of self-driving vehicles, creating a seamless public
transportation infrastructure, and distributing rush hours throughout the day to name a few.

Keywords: Road Accidents, Traffic, Traffic Severity, Human errors, Rush-hour
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Chapter 1
1.1 Background Information
Cars adoption has been increasing dramatically in recent years due to the rapid technology
development and the fast paced life individuals in cities live. According to the U.S department of
transportation (DOT, 2021), the number of driving licenses issued in 2020 was 228,687
compared to 190,625 driving licenses issued in 2010, which means there are more individuals
and cars on the road now than a decade ago, thus leading to a higher car accident rate as the
relationship is linear.
Car accidents can take many forms and they occur due to so many reasons; some are
controllable, such as speed, tailgating, wrong lane changing, sleep, or reckless driving; and
others are not, such as car failure, bad weather conditions, unavailability of road signs, or bad
road conditions. But the most frequent form of car accidents is car collisions which can be a
single-car accident, rear-end collisions, sideswipe collisions, multiple vehicle collisions, or car
rollovers. This can have serious negative consequences such as injuries, disabilities, and even in
many cases death. Not to mention property loss and damage of the vehicle, giving rise to both
personal and social losses. According to the world health organization (WHO, 2020), 1.3 million
deaths and around 50 million injuries happen every year due to crashes. The french
epidemiological center (Ce ́ piDC, 2015) stated that individuals aged 15-24 had the highest
average mortality rate. Governments, insurance companies, employers, and individuals suffer
financially because of accidents; the national highway traffic safety administration (NHTSA,
2010) stated that estimated losses due to accidents could reach $1 trillion due to loss of
productivity and loss of life.
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1.2 Statement of the problem
Car accidents impose a serious threat on the livelihood and financial hood of citizens and the
government; millions of people worldwide have lost their lives due to accidents or suffered
severe injuries and disabilities, affecting their own quality of lives and their loved ones.
These accidents negatively affect the country's productivity, its GDP and tax receivables.
Governments, employers, and insurance companies bear significant financial losses by covering
medical expenses and compensating those affected by these accidents. However, causes of
accidents vary, and contributors differ for several reasons; previous research papers did not
include a large sample size and excluded certain conditions, resulting in incomplete analysis and
conclusion.
1.3 Project goals
The goal of this paper is to provide the necessary information for government officials to build
valuable solutions to address the rapid increase of car accidents and limiting it to a minimum.
Thus, creating a safer environment for everyone by addressing the causes of these life
threatening accidents and in return reducing the financial burden imposed on the government,
individuals and businesses.
The main objective of the project is to analyze all the available factors and gain an in-depth
understanding of the factors contributing to car accidents.
The questions of this research paper are the following:
1. Are road accidents increasing, and what is the rate of this increase?
2. Where and when do most road accidents take place?
3. What are the possible solutions to address road accidents?
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1.4 Methodology
There are many factors contributing to road accidents, and to be able to pinpoint the main
reasons causing those accidents, a thorough study needs to be conducted to build a
comprehensive understanding of how each factor affects the rate in which road accidents
increase.

CRISP-DM presents an excellent methodology to follow when doing a data analytics project.
The first step of this methodology is Data understanding: the data is a collection of accidents
that happened in the United States from the period 2016 to 2020 and consist of 3 million
observations and 47 different attributes. The data is well structured, organized and cleaned.
The second step is Data Preparation, the data here is being modified through removing
unwanted attributes, and adding new attributes that will be helpful during the evaluation phase,
in addition to dealing with missing values. Once preparation is done, different types of
visualizations are performed to understand the relationship between the variables and accidents.
The third step is the Modeling, after performing the visualizations and understanding the
relevance between accidents and the chosen attribute, two different algorithms will be performed
and compared to predict the traffic severity, which are the Random Forest, and the Naive Bayes.
The last step will consist of Evaluating the models and visualization results. Once the results are
concluded, concerned parties can use these results to build effective solutions to address the main
problem which is the rapid increase in road accidents.
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1.5 Limitations of the study
The limitation imposed on this research paper stems from the incomplete information provided
by the dataset; the dataset does not contain any information about the profile of the driver, such
as their age, gender, race, or their state of consciousness. These details can help us a lot when
identifying the factors for road accidents and can help us detect a pattern.
Moreover, the dataset lacked vehicle information, such as, car specifications (sedan, sports car,
truck, bus), or the type of ownership (private, public or rented). All these additional pieces of
information could have given us better insights of the data set.
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Chapter 2 - Literature review

Billions of dollars are spent every year to cover car crashes. A study was conducted by (Miller,
Bhattacharya, Zaloshnja, and Taylor, 2011); governments pay approximately 35 billion dollars
every year covering both medical expenses and social welfare to injured individuals, in addition
to the forgone taxes resulting from the injuries or death of individuals.
Road traffic crashes comprise leading economic and health challenges, especially for developing
countries (Chen, 2010). Factors causing accidents are many; according to (Reyner and Horne,
1998), a large volume of road accidents happen because of drivers falling asleep, and many of
those accidents are related to work. A study conducted by (Knipling and wang, 1994) stated that
every lorry would be at least involved in one related sleep crash in the United States. (Reyner
and Horne, 1998) Found that male drivers below 30 are susceptible to sleep-related accidents in
the early morning due to destructive sleeping patterns; however, later in the afternoon, sleeprelated accidents shift to drivers aged 50 years and above. (Reyner and Horne, 1998) concluded
that self-awareness is the key to prevent such incidents, and sleeping detectors will not help; the
best solution is to pull over and stop driving.
(Celik and Oktay, 2014) argued that less educated drivers are more vulnerable to fatal accidents.
Their study showed that the driver's age and time of driving are strong predictors of fatal
accidents. According to (Tadege, 2020) the age of the drivers is the strong contributing factor
behind fatal car accidents. Moreover, driver inexperience increases the proportion of human error
leading to severe or fatal accidents. In addition, male drivers caused 254 out of 255 fatal
accidents which is around 99.6% of accidents (Tadege, 2020). (Abu Jadayil, Khraisat, Shakoor,
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2020) explains that young male drivers are more likely to cause an accident than older adults
because of their tendencies to be more reckless, and exceed the speed limits which increases the
chances of crashing.
Two main factors are associated with car accidents: traffic and human error (Gicquel,
Ordonneau, Blot, Toillon, Ingrand, and Romo, 2017). Human errors can take many forms, such
as wrong decision-making, sleeping, tailgating, alcohol and drugs consumption, mobile usage,
and more. According to (Abu Jadayil, Khraisat, Shakoor, 2020), human error is the primary
cause of accidents where 96.8% out of 97,981 accidents happen because of it. (Fan, 2015) says
that most accidents happen because of over-speeding, and he claimed that drivers could not avoid
accidents, where time is minimal and decisions are hard to make. Therefore accidents occur.
(Waylen and McKenna, 2008) stated that driving under the impact of drugs or alcohol triples the
chances of having car accidents, decreasing the drivers' concentration, reflexes, and awareness
level. The remarkable development of mobile phones has significantly changed the world, yet it
has become a significant source of distraction. Texting and driving are becoming tremendously
noticeable, especially for young people, causing many severe accidents. A study conducted by
(Saifuzzaman, Haque, Zheng, and Washington, 2015) found that young drivers are highly
distracted by mobile phones impacting their driving performance leading to car crashes. Drivers
who use their phones do not pay attention to the car in front of them, especially when the car in
front slows down, or even sometimes drivers' might not pay attention to road signs, such as
traffic signals or stop signs. Accidents can also happen due to immoderate weather conditions,
road conditions, or a car breakdown. (Fan, 2015) concluded that brakes failure, steering system
failure, car light failure, or tire burst are unavoided factors that lead to car accidents; however,
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the likelihood of this happening is very rare. (Chen, Zhao, Liu, Ren, and Liu, 2019) argued that
weather and road conditions have a significant impact on driver's behavior, putting the drivers in
a critical position that can cause accidents. Snow and dense fog tend to affect drivers' behavior
due to low visibility. In addition (Mao, Yuan, Gan, and Zhang, 2019) emphasized that driver age
and gender, weather condition, traffic density, vehicle speed, lane change behavior, vehicle type,
time of the day, and day of the week are all important factors affecting car accidents. Road
lighting and visibility are other vital factors that affect the driver's behavior. (Farooq and Juhasz,
2019) stated that driver's visibility is an essential factor when it comes to car accidents. The two
main contributing factors that affect driver visibility and reaction resulting in a car accident are
mobile phones, and blind spots, in addition to the fact that drivers cannot brake or avoid the
collision when visibility issues are observed. According to (Boyce 2003), darkness reduces
visibility and is associated with a higher degree of perceptual errors, including distraction and
lack of attention. A study performed by (Jägerbrand and Sjöbergh, 2016) claimed that vehicle
speed in clear weather conditions and daylight is higher than in the hours of darkness. Moreover,
rain significantly affected fatalities and serious injuries; however, rush hours and extreme night
conditions were excluded from the study.
The reality is car accidents are a serious issue that affects people’s lives, aside from the
tremendous amount of money paid by governments and institutions, covering the damages of
those accidents. And the factors that lead to them, such as sleeping while driving, using mobile
phones, poor road and lighting conditions, or bad weather conditions are apparent. Moreover, as
the previous research showed it was proven that age, gender, and human errors are the most
influencing factors that might contribute to a road accident. However, these research papers are
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not quite complete because of the limitations they had such as the small sample size, and missing
information about traffic hours, vehicle speed, location, extreme weather conditions, and drivers
profile.

Chapter 3 - Project Description
3.1 Data Collection
Data source, quality, and reliability are the most important factors when it comes to data analysis.
The data set has been collected from several providers using an application programming
interface (APIs) that broadcasts traffic accidents events captured by the department of
transportation, law-enforcement agencies, and traffic cameras continuously since February 2016,
covering 49 states in the United States. It has 3 million observations and 47 attributes.
3.2 Data Exploration
The dataset contains 47 different attributes; table 1 includes the name of the attributes,
description, and type. Figure 1,2, and 3 represents a data summary that illustrates all the
attributes along with their components.
#

Attribute

Description

Type

1

ID

A number that identify the accident record

Discrete

2

Severity

A number that represents the severity of the accidents on traffic a scale
of 1 represents a low impact, and 4 represents severe impact

Nominal

3

Start time

A date that represents start time of the accident

Continuous

4

End time

A date that represents end time of the accident

Continuous

5

Starting latitude

Represents latitude in GPS coordinates of the starting point

Continuous

6

Starting longitude

Represents longitude in GPS coordinates of the starting point

Continuous

7

Ending latitude

Represents latitude in GPS coordinates of the ending point

Continuous

8

Ending longitude

Represents longitude in GPS coordinates of the ending point

Continuous

9

Distance

The length of the road affected by the accident

Continuous
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10

Description

A description of the accident written in natural language

Nominal

11

Number

Represents the street number

Continuous

12

Street

Represents the street name

Nominal

13

Side

Describe where the accident took place, Right or Left lane

Nominal

14

City

Represent the city of which the accident took place

Nominal

15

County

Represent the county of which the accident took place

Nominal

16

State

Represent the state of which the accident took place

Nominal

17

Zip Code

Represents the Zipcode of the address

Nominal

18

Country

Represent the country of which the accident took place

Nominal

19

Timezone

Shows the timezone of which the accident took place

Nominal

20

Airport code

Shows the code of the airport closest to the accident location

Nominal

21

Represents the date and time the accident took place

Continuous

22

Weather
timestamp
Temperature

A number that represents the temperature in fahrenheit

Continuous

23

Wind Chill

A number that represents the wind chill in fahrenheit

Continuous

24

Humidity

A number that represents humidity in (%)

Continuous

25

Pressure

A number that represents air pressure in inches

Continuous

26

Visibility

A number that shows visibility in miles

Continuous

27

Wind direction

Represents the wind direction

Nominal

28

Wind speed

A number that represents the wind speed in miles per hour

Continuous

29

precipitation

Represents precipitation in inches

Continuous

30

Weather condition

States the status of the weather (clear, rainy, snowy, etc)

Nominal

31

Amenity

A point of interest annotation which indicates the presences of Amenity
in a nearby location, addressed as True or False

Nominal

32

Bump

A point of interest annotation which indicates the presences of Bump in
a nearby location, addressed as True or False

Nominal

33

Crossing

A point of interest annotation which indicates the presences of crossing
in a nearby location, addressed as True or False

Nominal

34

Give way

A point of interest annotation which indicates the presences of give way
in a nearby location, addressed as True or False

Nominal

35

Junction

A point of interest annotation which indicates the presences of junction
in a nearby location, addressed as True or False

Nominal

36

No exit

A point of interest annotation which indicates the presences of no exit
in a nearby location, addressed as True or False

Nominal
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37

Railway

A point of interest annotation which indicates the presences of railway
in a nearby location, addressed as True or False

Nominal

38

Roundabout

A point of interest annotation which indicates the presences of
roundabout in a nearby location, addressed as True or False

Nominal

39

Station

A point of interest annotation which indicates the presences of station in
a nearby location, addressed as True or False

Nominal

40

Stop

A point of interest annotation which indicates the presences of stop in a
nearby location, addressed as True or False

Nominal

41

Traffic calming

A point of interest annotation which indicates the presences of traffic
calming in a nearby location, addressed as True or False

Nominal

42

Traffic signal

A point of interest annotation which indicates the presences of traffic
signal in a nearby location, addressed as True or False

Nominal

43

Turning loop

A point of interest annotation which indicates the presences of turning
loop in a nearby location, addressed as True or False

Nominal

44

Sunrise-Sunset

represents the period of the day (day or night) based on sunrise and
sunset

Nominal

45

Civil twilight

represents the period of the day (day or night) based on civil twilight

Nominal

46

Nautical twilight

represents the period of the day (day or night) based on Nautical twilight Nominal

47

Astronomical
twilight

represents the period of the day (day or night) based on Astronomical
Twilight

Nominal

Table 1: List of attributes and their description
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Chapter 4 Project Analysis
4.1 Exploratory Data Analysis
Figure 1, 2, and 3 represents the summary of the attributes. Time, Latitude, Longitude, distance,
number, temperature, humidity, pressure, visibility, wind direction, wind speed, and precipitation
are all numeric variables, therefore R list them from least to greatest and display their five
number summary minimum: the lowest number in the dataset, first quartile represents the 25%
value, median represents the 50% value, third quartile represents the 75% value, and Maximum,
represents the Highest numbers in the dataset, in addition to the mean which represents the
average. Severity, description, street, side, city, county, state, zip code, country, timezone, airport
code, weather conditions, sunrise-sunset, nautical twilight, civil twilight, and astronomical
twilight are all structured as a factor, therefore R displays the values available in each variable
with the count of how many times the value occurs in the dataset . Amenity, bump, crossing,
give-away, junction, no exit, roundabout, traffic signal, turning loop are logical expressions, R
display how many True or False outcomes are there for each variable.

Figure 1: Data summary
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Figure 2: Data summary

Figure 3: Data Summary
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4.2 Data preprocessing
The first step when doing analysis is the preprocessing stage which consists of multiple steps that
will enhance the performance of the analysis. First is data sampling; as mentioned previously,
the dataset is large; therefore, working with sample size is more convenient. A 20% is selected to
work with for the analysis process.
Second is data cleaning; all datasets include missing values; therefore, dealing with them is
necessary to enhance the performance of the analysis. Figure 4 represents the missing values
available in our data set; only three attributes: number, precipitation, and wind chill, have high
NA's; therefore, they were removed.
Third is data selection; dropping ineffective attributes will ensure focusing on specific variables
and extracting the maximum results; the ID variable represents the sequence, so it is not an
important variable to keep. Longitude and latitude represent the geographic location. However,
we have the city and state; therefore, they are not essential, zip code as well does not indicate
anything relative, country all accident occurred in the United States, so it is ineffectual to
include, airport code as well does not indicate anything relative, and weather timestamp is a
duplicate of the start time of the accident; therefore all those variables were omitted.
Fourth is data transformation; all the nominal attributes severity, city, state, weather conditions,
sunrise-sunset, side, and street were classified as character form, thus transferring them into
factor form is necessary to have a deeper understanding of the insights for each attribute as well
as the starting time of the accident was transformed to date format.
Fifth is feature engineering is one of the most important parts because several new attributes are
created from existing ones, providing more insights about the data, enabling the idea of deriving
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more decisive conclusions. The first column is Road type with an outcome of City or Highway,
extracted from the street column. Moreover, Year, Month, day, and hour, was extracted from the
start time column.

Figure 4: Missing values
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4.3 Visualizations
4.3.1 Analysis of Time and Location
Feature engineering was performed on the start time column to extract the years, months, days,
and hours.

Figure 5: Distribution of accidents through Years

Figure 5 shows that car accidents have been increasing from year to year. This could be
attributed to more people getting driving licenses, in addition to the fact that governments and
relevant authorities are failing to tackle this issue and work on creating valuable solutions to
decrease it.

Figure 6: Distribution of accidents through Months
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Figure 6 represents accidents distribution through months. The lowest rate occurs in July and
August because it is the summer season, students are on vacation, and employees are on leave.
Moreover, the highest ratio occurs at the end of the year which can be attributed to it being the
end of year and the holiday season which is a busy season for business.

Figure 7: Distribution of accidents by Days

Figure 8: Distribution of accidents by Hours
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Figure 7 and Figure 8 are the most interesting, and they are highly correlated; looking at
Figure 4 shows that accidents are high on weekdays and low on weekends. Figure 5 supports
Figure 4, showing that the density of accidents occur the most at 7 and 8 am as well as 4 and 5
pm, which means that the majority of accidents occur at rush hour when people are either going
to work or going back home. This leads us to the conclusion that traffic is one of the major
causes of accidents because people drop their attention and lose their concentration in traffic by
using mobile phones, and falling asleep while driving. Performing feature engineering revealed
many insights that will help in interpretations and analysis. The next illustrations will give us a
broader picture about where did accidents occur:

Figure 9: Distribution of accidents By State

Washingto
n
Illinois

New Jersey Louisiana

Maryland

Tennessee Arizona

Minnesota

Virginia

Pennsylvani
a

Oregon

New York

Texas

Florida

California

South
Carolina

Michiga
n
North
Carolina

Georgi
a

Table 2: Abbreviation Explanation
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Figure 9 illustrates the distribution of accidents among states; it shows that California has the
highest number of accidents, followed by Florida, and then Texas, then the rest has almost equal
distribution of accidents. According to the (U.S census bureau, 2020), the population division
showed that California has a population of almost 40M, Florida has almost 30M. Texas has 21M,
which explains the distribution of accidents, indicating a positive correlation; the higher the
population, the more the accidents will occur. The following Figure shows the city in which
accidents took place. However, results showed that accidents occur in more than 9000 cities,
which is hard to visualize; therefore, the number of accidents was filtered to 3500 accidents and
above.

Figure 10: Distribution of accidents By City

Figure 10 is a subset of Figure 9, representing the cities; the highest is in Los Angeles,
California, followed by Houston, TX then Charlotte, NC, then comes Miami, FL, and finally
Dallas, TX.
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4.3.2 Analysis of the Remaining Variables
After analyzing the new variables resulting from the feature engineering, the remaining variables
were analyzed, illustrating figures related to the time of the day, weather condition, road type,
and side. According to many researches conducted, authors argued that at night drivers are more
vulnerable to exceeding the speed limit and driving recklessly. In addition to the negative impact
that poor vision might impose on drivers. However, Figure 11 shows that accidents occur in day
time more, which harmonizes with the results of Figure 5.

Figure 11: Distribution of Accidents By Day or Night

Many researchers have considered weather conditions, discussing the impact of rain, fog, wind,
or snow on both road conditions and driver behavior. Nevertheless, results showed that weather
conditions have no impact on road accidents. According to Figure 12, most accidents occur in
clear, fair, or cloudy weather, denoting that weather conditions have a low impact on car
accidents.
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Figure 12: Accidents According to Weather Conditions

Figure 13 is the outcome of mutating the street column generating two outputs. As shown, most
accidents occur in cities, not highways, due to the high density of population and cars in cities,
proving the high impact of traffic on accidents.

Figure 13: Accidents By Road Type
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Cars drive faster on left lanes; however, Figure 14 shows that most accidents occur on the right
lane indicating that speed is not a significant contributor to car accidents. Car collisions can still
happen even if drivers are not speeding or exceeding the speed limit.

Figure 14: Accidents by Side

Figure 15 represents the availability of annotations in the area, first the column was filtered to
results = TRUE, which means that those annotations were available when accidents took place.
Results showed that a high number of accidents occur near traffic signals, junctions, and
crossings indicating that drivers do not leave enough safety distance between their car and the
car in front of them, in addition to lack of attention producing human errors. For example, when
a yellow traffic light hits or when crossing a junction, causing impulse actions that often if not
always leads to over speeding, or hitting an emergency brake resulting in a car collision.
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Figure 15: Accidents based on availability of Annotations

4.3.3 Analysis of Traffic Severity
Car accidents not only result in casualties, injuries, and property damage, but also produce traffic
which may cause more accidents. The severity column is the target selected variable for the
analysis.

Figure 16: Traffic Severity Effect from the accidents
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As Figure 16 illustrates, the distribution is very imbalanced, therefore both “Low” and
“Medium” were combined and classified as “Not Severe”. As well as “High” and “Severe” were
combined and classified as “Severe”.

Figure 17: Modification of Traffic Severity column

Figure 17 illustrates the modification implemented After splitting the severity column into
“Severe”, or “Not Severe” a correlation matrix was performed to see which variables have effect
on Traffic severity, Figure 18 illustrates the relationship between Severity and Annotations;
results showed that there is no strong correlation between those variables. Figure 19 uses the rest
of the variables, results showed that “Road type” and “Side” has the strongest effect on Traffic
Severity.
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Figure 18: Correlation Matrix 1

Figure 19: Correlation Matrix 2

As a result of the correlation matrix, a representation of the relationship between side, road type,
and severity is illustrated

Figure 20: Traffic Severity by Side
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Figure 21: Traffic Severity by Road Type

Figure 21 shows that the majority of accidents that cause severe traffic occur at the right side;
which corresponds with our finding back in Figure 14. However; Figure 21 states that severe
traffic accidents occur more on highways not cities; due to the fact that drivers speed more on
highways compared to cities, in addition to the fact, highway accidents are very severe in terms
of both injuries and impact on traffic.
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4.4 Model Building
The last part consists of predicting the traffic severity of the accident. Two different supervised
learning algorithms were chosen to be applied. The first one is the Naive Bayes which is a
probabilistic machine learning model that uses the Bayes theorem. Bayes theorem is defined as
finding the probability of “A” given that “B” has occurred. All predictors are independent;
therefore, the presence of one predictor does not affect the other; hence, it's called Naive which is
represented by the following equation:

P(A | B) =

P(B | A)P(A)
P(B)

The second algorithm chosen was the random forest which consists of a collection of
uncorrelated decision trees, which are then merged together to reduce variance and create more
accurate data predictions.However, looking at Figure 17 we can see that the distribution of
severity is imbalanced, therefore for better results, it should be balanced. Figure 22 illustrates the
severity column after balancing,

Figure 22: Traffic Severity After Balancing
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4.5 Comparison of Different Models
Naive Bayes Results
Actual

Prediction

Severe

Not severe

Severe

233,209

72,668

Not Severe

37,141

198,011

Table 3: Naive Bayes Confusion Matrix

The confusion matrix represents the True positive, how many times the model predicted Severe
correctly. True negative how many times the model predicted Not Severe correctly. False
Positive how many times the model predicted Severe incorrectly. False negative how many times
the model predicted Not Severe incorrectly. Table 4 will include the statistics extracted from the
confusion matrix.

Results
Formula

Accuracy

Sensitivity

Specificity

Pos. pred.
value

Neg. pred.
value

Positive
Class

79.7%

86.26%

73.15%

76.24%

84.21%

Severe

TP + T N
TP + T N + FP + FN

TP
TP + FN

TN
T N + FP

TP
TP + FP

TN
T N + FN

Table 4: Naive Bayes Statistics

Table 4 illustrates the results from performing the Naive Bayes algorithm, the model has an
accuracy of almost 80%, which is good. The model had a sensitivity of 86.26% which means the
rate in determining the Severe cases correctly is high; however the specificity which is the rate in
determining Not Severe cases was lower showing a successful rate of only 73.15%. The model
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has a 76.24% positive predictive value, which is the case of predicting only Severe cases, and a
negative predictive value of 84.21% which is the rate in predicting only Not Severe cases.
Overall the model has a good accuracy rate, it has a good sensitivity ratio for predicting the
Severe cases, however the specificity ratio is low.

Random Forest Results:
Actual
Prediction

Severe

Not severe

Severe

237,239

53,748

Not Severe

33,111

216,931

Table 5: Random Forest Confusion Matrix

Results

Accuracy

Sensitivity

Specificity

Pos. pred.
value

Neg. pred.
value

Positive
Class

84%

87.75%

80.14%

81.5%

86.76%

Severe

Table 6: Random Forest Statistics

As Table 6 illustrates, the random forest algorithm outperformed the Naive Bayes, it resulted
with a better accuracy of 84%, as well as better sensitivity ratio of 87.75%. Moreover, it
outperformed the specificity of the naive bayes model, scoring 80.14% success rate in predicting
Not severe cases compared to 73.15% success rate. This summarizes our findings, that yes it is
possible to predict the traffic severity when having the following variables: time of the accident,
day of the accident, location of the accident, the road type, the side, and the availability of any
near annotation.
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Chapter 5 - Conclusion
5.1 Conclusion
This study is meant to understand the significance of the contributors that cause car accidents
and provide solutions to minimize them. Results showed that traffic is the primary cause of car
accidents. The majority of accidents occur at rush hour when people or students are either going
to work or school or coming back home.
Moreover, accidents tend to happen in cities with high population density. Different weather
conditions, speed, and lightning had a low impact on accidents. Finally, attributes such as time,
state, city, and street can help official authorities predict traffic severity in advance and provide
alternative solutions ahead to reduce traffic and prevent road accidents.

5.2 Possible Solutions
Knowing that traffic is the major contributor to road accidents, reducing traffic will eventually
reduce accidents. Many solutions can be taken into consideration. One of them is adopting the
work from home strategy; covid has proved that many employees can finish their tasks from
home without physically being in the office. This will reduce the heavy load on roads and reduce
traffic. Another possible solution is to set apart the starting time of schools and working
organizations; this will help divide the number of cars on streets among multiple hours.
The final solution is to encourage and facilitate the adoption of self-driving vehicles since
accidents mainly occur because of human errors due to lack of attention, concentration, and
making wrong decisions. Using automated cars will resolve this issue by reducing human errors,
which will reduce car accidents.
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5.3 Future Work
Future studies can involve analyzing different countries, and see if they will produce similar
results, as well as more details about the driver and the vehicle. Information such as age, gender,
profession, car type, and ownership can be valuable. This will help to analyze the psychological
behavior of the individuals and understand how those aspects might affect the individual driving
behavior.
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